The evolving spatial and temporal knowledge about vineyard performance through the use of remote sensing offers new perspectives for vine water status studies. This paper describes the application of aerial thermal imaging to evaluate vine water status to improve irrigation scheduling decisions, water use efficiency, and overall winegrape quality in the Coonawarra viticultural region of South Australia. Airborne infrared images were acquired during the 2016 and 2017 growing seasons in the region of Coonawarra, South Australia. Several thermal indices of crop water status (CWSI, I g , (T c -T a )) were calculated that correlated with conventional soil and vine water status measures (Ψ pd, Ψ s, g s ). CWSI and I g could discriminate between the two cultivars used in this study, Cabernet Sauvignon (CAS) and Shiraz (SHI), as did the conventional water stress measures. The relationship between conventional vine water status measures appeared stronger with CWSI in the warmer and drier season (2016) compared to the cooler and wetter season (2017), where I g and (T c -T a ) showed stronger correlations. The study identified CWSI, I g and (T c -T a ) to be reliable indicators of vine water status under a variety of environmental conditions. This is the first study to report on high resolution vine water status at a regional scale in Australia using a combination of remote and direct sensing methods. This methodology is promising for aerial surveillance of vine water status across multiple blocks and cultivars to inform irrigation scheduling.
Introduction
Water scarcities in irrigated agricultural regions globally are putting greater pressure on irrigators to maximize its productive use [1] . Extensive irrigation research on grapevines has shown that soil water deficits resulting in vine water stress can lead to reduced leaf gas exchange, accelerated ripening, losses of yield via lowered berry weight, and negatively impact grape composition and wine quality [2] [3] [4] [5] [6] [7] . These responses are genotype (cultivar)-dependent within the Vitis vinifera L. species; for example, 'Grenache' vines regulated their hydraulic pathway more strongly than 'Chardonnay' in response to water stress [8] . In another study, 'Syrah' ('Shiraz') grapevines had a similar response as 'Chardonnay' when subjected to water stress in the field [9] . These intra-species differences, termed 'isohydric' and 'anisohydric' [10] , are related to differences in stomatal behavior of the cultivars in response to soil moisture availability. Isohydric behaviour is characterised by stomatal closure under decreasing soil moisture to maintain homeostasis of leaf water potential. Under the same conditions of declining soil moisture, anisohydric stomatal behaviour results in declining leaf water potential as stomata remain relatively open compared to isohydric plants [9, 11] .
It is now well-known that stomatal conductance (g s ), the flux of water vapour (H 2 O) and carbon dioxide (CO 2 ) through the stomatal pores of the leaf, is sensitive to soil water deficit, therefore serving as a reliable indicator of plant water status [12] . Under water deficit, stomatal closure occurs resulting in reduced transpiration and consequently higher leaf temperatures compared to those under well-watered conditions [13, 14] . In field-grown grapevines, Jones and co-workers monitored stomatal closure using infrared thermography as an indicator of vine water stress and found a strong correlation between specific thermal indices and stomatal conductance [15] . Thermal indices such as crop water stress index (CWSI; [16] ) and linear thermal index (I g ; [17] ) have been shown to be correlated to vine water status metrics such as leaf water potential (Ψ l ), stem water potential (Ψ s ), and g s [15, 18, 19] , and therefore could be valuable to irrigators to improve management decisions on irrigation scheduling.
Given that vineyards are inherently variable [20] , optimising irrigation in various sub-blocks of a vineyard requires the delineation of irrigation management zones based on vine water status. Recently, thermal remote sensing based on airborne platforms have been used for the spatial characterisation of vine water status [21] [22] [23] [24] . The advantage of the remote sensing approach is that large areas can be rapidly profiled obviating the need for a large number of measurements of individual vines that are time-and labour-intensive [18, 25, 26] . With the advent of high-resolution thermal cameras, sub-meter spatial resolution is now feasible from airborne platforms [27] allowing for the characterisation of water status of sub-blocks and even individual vines. Using an Unmanned Aerial Vehicle (UAV), Zarco-Tejada and co-workers evaluated a multispectral and thermal index and found a strong correlation with both g s and Ψ l in 'Thompson Seedless' grapevines in California [24] . Similar relationships were found in 'Tempranillo' grapevines in Spain between airborne thermal indices, CWSI and I g , and Ψ s and g s [21] . Bellvert and colleagues mapped CWSI across an 11-ha Pinot Noir vineyard in Spain, finding a stronger correlation between CWSI and Ψ l at solar noon (1230 h) than in the morning (0930 h) [18] . Recently, Matese and co-workers determined CWSI and I g values under various irrigation regimes in two Italian vineyards planted with CAS and 'Cagnulari' [27] . All of the above-mentioned studies were undertaken using UAV platforms, which are limited by range (flight time) and therefore not suited to characterising entire viticultural regions or even large vineyard blocks. The long flight times required to cover these large areas with a UAV mean that data capture occurs under different environmental conditions which makes it difficult to compare data between timepoints. Alternative approaches include: Satellite imagery, but current spatial resolutions of thermal cameras (ASTER satellite~90 m) do not allow for individual vines to be resolved; and, manned fixed wing aircraft, which allow large area data capture and moderate to high spatial resolution.
The aim of the present study was to: (i) validate the performance of a commercially-available thermal imaging service to provide regional-scale vine water status in order to improve irrigation scheduling and irrigation efficiencies; (ii) compare the airborne thermal water stress indices CWSI and I g with the traditional vine water status metrics g s and Ψ s ; and, (iii) determine whether the cultivars SHI and CAS can be discriminated based on remotely-sensed thermal indices of water stress. Irrigation scheduling targeted specifically to individual cultivars not only has the potential to improve vineyard water use efficiency (WUE), and grape and wine quality, but should also reduce the inherent variability within vineyards through greater understanding of the spatial and temporal patterns of vine performance [28] [29] [30] . To the best of our knowledge, a study into the ability to detect cultivar-specific responses to soil moisture availability and environmental demand with remotely-sensed thermal imaging is lacking under Australian conditions. This information would be valuable to viticulturists in order to develop cultivar-specific irrigation strategies for premium winegrape production. Here, we report on the first regional-scale characterisation of grapevine water status in an Australian wine producing region using direct, proximal, and remote sensing. This spatial scale information is of value to growers attempting to make decisions about irrigation at the regional scale for multiple vineyards simultaneously rather than single vineyards.
Materials and Methods

Site Data
The 11 experimental sites were located in Coonawarra, South Australia (37.29 • S, 140.83 • E) ( Figure 1 ). The blue regions on the map indicate the vineyard blocks surveyed by aerial imagery while the red delineations indicate the blocks that were surveyed by remote sensing and ground-truthed.
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Site Data
The 11 experimental sites were located in Coonawarra, South Australia (37.29° S, 140.83° E) ( Figure 1 ). The blue regions on the map indicate the vineyard blocks surveyed by aerial imagery while the red delineations indicate the blocks that were surveyed by remote sensing and groundtruthed. Figure 1. Regional vineyards in Coonawarra, South Australia surveyed by airborne remote sensing (red and blue regions) and a subset of those that were ground-truthed (red regions). The distance from north to south of the map is approx. 20 km.
In each block, two points within the vineyard were sampled based on differences in Normalised Difference Vegetation Index (NDVI) where high values were > 0.7 and low values were < 0.4. Within these two sub blocks, four vines were ground-truthed (total eight vines per block). To aid geolocation, large (2 × 2 m) wooden crosses (ground control points; GCPs) were painted white and placed in the midrows next to the vines used for ground-truthing. These GCPs were useful in accurately identifying georeferenced points in the aerial imagery. Approx. 1,000 ha and 100 ha of vineyards of Vitis vinifera L. cvs. Shiraz (SHI) and CAS (CAS) were flown and ground-truthed, respectively, in this study. All vines selected were mature, fully cropping, and managed with conventional canopy management and integrated pest management (IPM) practices for the region.
Environmental Conditions
Regional environmental (weather) data was obtained from the Coonawarra automatic weather station maintained by the Australian Bureau of Meteorology (BOM), Station ID: 026091. The longterm (20-year) mean January temperature (MJT) for Coonawarra is 19.3 °C and the degree days (DD) (October-April) is 1511 [31] . Temperature, wind speed and relative humidity (RH) were captured from a Bureau of Meteorology (BOM) automatic weather station located near the vineyards assessed (BOM site number 026091). Daily maximum air vapour pressure deficit (VPD) was calculated using maximum temperature and minimum RH data on the days of the ground truthing and flights. In addition, a series of Tinytag data loggers (Model TGP-1840, Hastings Data Loggers, Port Maquarie, Australia) were placed within the canopy of sub-block of vines to record ambient air temperature. These canopy sensors were found to generally agree with the on-site BOM weather station temperature data.
The climate of the area is Mediterranean, with winter dominant rainfall and relative summer drought [32] . Annual rainfall for Coonawarra is 568.7 mm (Bureau of Meteorology: Figure 1. Regional vineyards in Coonawarra, South Australia surveyed by airborne remote sensing (red and blue regions) and a subset of those that were ground-truthed (red regions). The distance from north to south of the map is approx. 20 km.
Regional environmental (weather) data was obtained from the Coonawarra automatic weather station maintained by the Australian Bureau of Meteorology (BOM), Station ID: 026091. The long-term (20-year) mean January temperature (MJT) for Coonawarra is 19.3 • C and the degree days (DD) (October-April) is 1511 [31] . Temperature, wind speed and relative humidity (RH) were captured from a Bureau of Meteorology (BOM) automatic weather station located near the vineyards assessed (BOM site number 026091). Daily maximum air vapour pressure deficit (VPD) was calculated using maximum temperature and minimum RH data on the days of the ground truthing and flights. In addition, a series of Tinytag data loggers (Model TGP-1840, Hastings Data Loggers, Port Maquarie, Australia) were placed within the canopy of sub-block of vines to record ambient air temperature. These canopy sensors were found to generally agree with the on-site BOM weather station temperature data.
The climate of the area is Mediterranean, with winter dominant rainfall and relative summer drought [32] . Annual rainfall for Coonawarra is 568.7 mm (Bureau of Meteorology: http://www.bom. gov.au/climate/averages/tables/cw_026091.shtml). Supplemental irrigation is typically required from December until March. The elevation of the region is between 57 m and 63 m above sea level.
The 2016 growing season was characterised by temperatures that were relative high and with moderately low rainfall. Based on the growing degree days (or thermal time), the growing season was warmer (1830-degree days (base 10 • C)) than the long term (20-year) average for the region (1511-degree days) as indicated by the growing degree days. Environmental conditions during the two airborne campaigns (S1-F1, S1-F2) were more demanding as indicated by the higher vapour pressure deficit (VPD) values: At the véraison timepoint (S1, F1), the VPD was 2.05 kPa (considered moderate) while at pre-harvest (S1, F2), the VPD was 3.34 kPa, which is relatively high for the region that is considered a cool-climate viticultural region in South Australia.
In comparison, the 2017 growing season was cooler and milder compared to 2016. The seasonal heat accumulation (1493-degree days) was similar to the long-term average (1511-degree days). Environmental conditions during the two measurement days (S2-F1, S2-F2) were also moderate: VPD and maximum daily temperatures were 2.94 kPa and 27 • C, respectively, for the véraison timepoint (S2, F1), while at pre-harvest (S2, F2), milder conditions prevailed (VPD −2.0 kPa; maximum daily temperature −28 • C) ( Table 1) .
As a result of the warmer conditions in 2016, higher irrigation levels were applied than in 2017: In 2016, a total of 1.8 ML ha −1 was applied on average across the blocks profiled, whereas in 2017 approx. 0.4 ML ha −1 was applied on average.
Average yields across the sentinel blocks were correspondingly lower in 2016 compared to 2017, while crop water use efficiency (WUE = yield/irrigation) was higher in 2017 (3.4 t ML −1 ) compared to 2016 (2.0 t ML −1 ), reflecting the proportionally higher yields of the wetter, second season. 
Airborne Campaign
Airborne thermal images were obtained on two days for both seasons corresponding to approx. veraison and mid-maturity, ca. two weeks prior to harvest. A fixed-wing aircraft (CESSNA 172 S) commissioned by Ceres Imaging (Oakland, CA, USA) was equipped with a 5-band multispectral (three visible, one red edge, one near infrared) camera and a long wave infrared uncooled imaging sensor (FLIR A65, FLIR Systems, Wilsonville, OR, USA) at a frame rate of 30 Hz. The camera had a resolution of 640 × 512 pixels, yielding an angular field of view (FOV) of 25 • . Radiometric calibration was done by Ceres Imaging using a blackbody radiation source. Based on the average flying altitude of approximately 700 m (above sea level), the effective spatial resolution was 38 cm for the longwave infrared (thermal) camera and 19 cm for the multispectral camera. The flying pattern was carried out for approximately. 1000 ha, which contained the 11 study plots. The flights were conducted between 1100 and 1400 h on February 4, 2016 (Season 1-S1, Flight 1-F1), March 2, 2016 (Season 1-S1, Flight 2-F2), 
Determination of Proximal and Remote Thermal Water Stress Indices
A handheld thermal infrared (IR) camera (Model B400, FLIR Systems, Wilsonville, OR, USA; IR resolution: 320 × 240 = 76,800 pixels; spectral range: 7.5-13 µm) was used to record data in the IR and red, blue, green (RGB) wavelengths simultaneously for each of the targeted vines' canopies for the proximal view. Images were captured at a 45 • angle to the canopy and at the same height as mid canopy (−1.5 m) in order to fit the entire canopy area into the camera's FOV (25 • ). The IR camera's microbolometer sensors had a thermal sensitivity of 0.05 • C across their full range of temperatures from −20 • C to +350 • C with an accuracy of ±2% as per the manufacturer's specifications. Thermal images were processed using 'FLIR Tools' image processing software (v.5.4, FLIR Systems, Wilsonville, OR, USA). For the remotely-acquired raster data, vine only signals from six pixels per vine were extracted and averaged to give average canopy temperature (T c ). This value was used to calculate the CWSI as reported in [17] , which is a modified version of the CWSI equation reported by Idso et al. [16] and Jackson et al. [13] where the non-water stressed baseline was represented by T wet and non-transpiring leaf was represented by T dry (Equation (1)):
An alternative index was proposed by Jones, which is proportional to g s and reported to be more reliable under a range of environmental conditions (e.g. dry, humid) (Equation (2) [17]):
For the remotely-sensed data, T wet was taken as the lowest T c observed on the day for a given cultivar, while T dry was taken as the highest T c obtained on the day for a given cultivar. For this approach, based on a modified approach of Baluja and co-workers [12] , six pixels per vine from all sentinel vines in each block that represented either T dry or T wet were averaged. This method of obtaining reference temperatures was necessary since it was unfeasible to set up numerous temperature targets in each vineyard that would reflect wet and dry leaf temperatures for the small-time window (2-3 h) of the airborne campaign. Values for CWSI range from 0 to 1, with 0 representing a well-watered crop and 1 representing a highly water-stressed or non-transpiring crop. Values of I g range from 0 to any positive value, with higher numbers representing a well-watered canopy and 0 representing a water-stressed canopy. Detailed pixel information of canopy and midrow temperatures from a grid of 225 pixels was used at each location. Pixels of the non-vine (inter-row) signal were removed from the analysis by selecting only the coolest pixels in the thermal image; these cool pixels corresponded to the vine canopy whereas warm pixels, which were approximately. 15-20 • C higher in temperature than the cool pixels of the canopy, corresponded to the inter-row where there was no vegetation. Aerial thermal images were colour coded for relative water stress: Red showing highest water stress, yellow moderate water stress, green low water stress, and blue no water stress.
For the proximal data, T wet and T dry were obtained using artificial wet leaves (spraying water and waiting 10 min before temperature measurement) and dry leaves (applying petroleum jelly on the abaxial side of the leaves and waiting 10 min before temperature measurement), respectively, obtained on the measurement day from all vineyards for the particular cultivar. In addition to the two indices mentioned above, a simplified index of crop water stress based on the difference between T c and ambient temperature (T a ) temperatures (T c -T a ) was evaluated [16] . The advantage of this simplified index is that it does not require the reference temperatures T wet and T dry that other indices (e.g. CWSI, I g ) require. In general, negative (T c -T a ) numbers represent low or no water stress, while positive values represent a degree of water stress.
Conventional Measures of Vine Water Status
In each block, pre-dawn leaf water potential (Ψ pd ) was measured between the hours of 0300-0600 on the same day as the flight (refer to the following section) using a Scholander pressure chamber (Soil Moisture Equipment Corp., Santa Barbara, CA, USA) in the 2017 season only. Measures of stem water potential (Ψ s ) were conducted between the hours of 1100-1400 using the same pressure chamber and concurrently with the airborne campaigns. Measures of Ψ pd and Ψ s were performed on one leaf per vine from four measurement vines in each sub-block. Stomatal conductance (g s ) was also assessed at the time of the airborne campaigns using a portable porometer (Model AP3, Delta-T Devices, Cambridge, UK). The porometer was calibrated daily according to the manufacturer's instructions. Microclimatic data within the canopy was collected using temperature sensors (Tinytag, Model TGP-1840, Gemini Data Loggers, Chichester, UK).
Statistical Data Analysis
A two-way Analysis of Variance (ANOVA) was performed using cultivar and vintage as factors. All ground-truthing data means were compared using a post-hoc test with Tukey's Honestly Significant Difference (HSD) at P ≤ 0.05 (SPSS statistical software, v.24, IBM Corporation, Chicago, IL USA). Pearson correlation coefficients were calculated in the statistical language R (v.1.1.453, RStudio Inc, Boston, MA, USA) between remotely-sensed indices and ground-truthing data. Correlation maps were constructed with the R package corrplot [33] . Only correlations that were significant at P ≤ 0.05 are shown in the correlation maps. Principal component analysis (PCA) plots was performed in Microsoft Excel 2010 and XLSTAT (v.17.06, Addinsoft SARL, Paris, France) and presented as variable plots (cultivar-year, attribute).
Results
Cultivar and Phenology Specific Responses to Vine Water Status
In the first season, 2016, which was relatively warmer and drier, SHI vines were more water stressed (Ψ s = −1.15 ± 0.05 MPa) than CAS vines (Ψ s = −1.02 ± 0.03 MPa) ( Table 2) . SHI had a slightly, but not significantly, lower g s than CAS. Several thermal indices of crop water status were calculated: Crop water stress index (CWSI), conductance index (I g ) and (T c -T a ). Of these indices, only CWSI detected a difference between cultivar, with a lower value for CAS (0.49 ± 0.04) than SHI (0.58 ± 0.06); this was consistent with the vine water status parameters (stem water potential, stomatal conductance). Comparison between veraison and pre-harvest timepoints, resulted in little difference of Ψ s , while g s was lower at harvest, likely reflecting the higher VPD levels at that time. A cultivar × timepoint interaction was also observed for CWSI ( Table 2) . Of these indices, only CWSI was negatively correlated with Ψ s and g s between the two cultivars.
In the second season, 2017, CAS blocks tended to have lower soil moisture, as estimated by the predawn leaf water potential (Ψ pd ), over the course of the season (average Ψ pd −0.43 ± 0.12 MPa) compared to SHI, (average Ψ pd −0.32 ± 0.08 MPa). In addition, soil moisture was lower during F1 than F2 (−0.40 ± 0.20 MPa and -0.35 ± 0.09 MPa, respectively). A lower g s in CAS than SHI reflected the Ψ pd and Ψ s values ( Table 2) . CWSI detected a difference between cultivars, with a lower value for CAS (0.50 ± 0.02) than SHI (0.64 ± 0.03), as did I g , which also discriminated between the cultivars with higher values in CAS (4.79 ± 0.89) than SHI (1.23 ± 0.46). The thermal index (T c -T a ) did not discriminate between cultivars viz. water stress. When comparing veraison and pre-harvest timepoints, Ψ pd, Ψ s and g s were all higher at pre-harvest compared to veraison, indicating lower water stress at the later timepoint. 
Comparison of Vine Water Status Between Cultivars Within the Same Vineyard
Two cultivars, CAS and SHI, located within the same vineyard and planted within one year of each other over 45 years ago in the same soil type with similar soil depth were compared for differences between remotely-sensed thermal signatures. Soil moisture conditions, as reflected in Ψ pd , were comparable between the two cultivars (Ψ pd difference < 0.1 MPa, nsd) at the two timepoints, veraison and pre-harvest. Thermal water stress indices detected a difference in vine water status between the cultivars, with CAS being more stressed than SHI. This was also reflected through the measure of g s , being lower for CAS than SHI, thereby indicating a higher water stress in CAS. From a commercial imagery point of view, this was detected through a slight change in colour coding, from dark blue in the SHI section of the block, to a green-yellow colour spectrum in the CAS, identifying a change in the remotely-sensed thermal signature (Figure 2 ). 
Two cultivars, CAS and SHI, located within the same vineyard and planted within one year of each other over 45 years ago in the same soil type with similar soil depth were compared for differences between remotely-sensed thermal signatures. Soil moisture conditions, as reflected in Ψpd, were comparable between the two cultivars (Ψpd difference < 0.1 MPa, nsd) at the two timepoints, veraison and pre-harvest. Thermal water stress indices detected a difference in vine water status between the cultivars, with CAS being more stressed than SHI. This was also reflected through the measure of gs, being lower for CAS than SHI, thereby indicating a higher water stress in CAS. From a commercial imagery point of view, this was detected through a slight change in colour coding, from dark blue in the SHI section of the block, to a green-yellow colour spectrum in the CAS, identifying a change in the remotely-sensed thermal signature (Figure 2 ). Principal component analysis (PCA) was used to assess the interaction between season and cultivar for the variables that were found to be significantly different. PCA involves deriving a linear combination of variables from the original variables, e.g. thermal indices, to maximize variance in the dataset, and the resulting orthogonal plots indicate a high level of uncorrelatedness [34] . PCA was performed on the aggregated data; principal component 1 (PC1) and principal component 2 (PC2) accounted for approx. 78% of the variation (Figure 3 ). The PC1 (or F1) axis primarily represented loadings of vine water status parameters related to irrigation as well as yield. In the second PC2 (F2) axis, thermal water status indices were represented as loadings. In PC1, irrigation was positively related to VPD and (Tc-Ta), and negatively related to yield, WUE, Ψs and gs. In PC2, CWSI was negatively related to Ig. Principal component analysis (PCA) was used to assess the interaction between season and cultivar for the variables that were found to be significantly different. PCA involves deriving a linear combination of variables from the original variables, e.g. thermal indices, to maximize variance in the dataset, and the resulting orthogonal plots indicate a high level of uncorrelatedness [34] . PCA was performed on the aggregated data; principal component 1 (PC1) and principal component 2 (PC2) accounted for approx. 78% of the variation (Figure 3 ). The PC1 (or F1) axis primarily represented loadings of vine water status parameters related to irrigation as well as yield. In the second PC2 (F2) axis, thermal water status indices were represented as loadings. In PC1, irrigation was positively related to VPD and (T c -T a ), and negatively related to yield, WUE, Ψ s and g s . In PC2, CWSI was negatively related to I g . Figure 3 . Principal component analysis (PCA) plot presenting variables involved in determining vine water status: remotely-sensed thermal indices (CWSI, Ig, (Tc-Ta)), environmental conditions (VPD), vine water status (gs, Ψs) irrigation applied, yield, and water use efficiency (WUE) for the 2016 (S1) and 2017 (S2) growing seasons.
Comparison of Vine Water Status Between Vine Age
Two vineyard blocks of varying vine age, old (> 40 years) and young (< 10 years) for the cultivar CAS were studied with respect to the effect of vine age on vine water status during S2, F2. Soil moisture status (as reflected in Ψpd) was comparable between the two cultivars (Ψpd = −0.43). In this example, thermal indices failed to detect a difference in vine water status between the two age groups. This was also reflected in the ground-based measures ( Table 3) . 
Correlations Between Remotely-Sensed Thermal Water Stress Indices and Conventional (Ground-Based) Measures of Vine Water Status
Correlations between remotely-sensed thermal water stress indices and conventional measures of vine water status were determined using correlograms, a graphical depiction of significant (p ≤ 0.05) relationships (Figures 4 and 5 ). In general, CWSI was found to correlate positively with Ψs and gs, and negatively with Ig.
In 2016, vine water status (Ψs) of SHI at veraison was positively-correlated with Ig (R 2 = 0.64 for Ψs, p = 0.0142) and negatively-correlated with CWSI (R 2 = −0.69, p = 0.0062) (Figure 4a ). For CAS at the same phenological stage, gs was negatively-correlated with CWSI (R 2 = −0.14 for Ψs, p = 0.0437) ( Figure  4b ). For SHI at pre-harvest, Ψs and gs were negatively-correlated with CWSI (R 2 = −0.54 for Ψs, p = Figure 3 . Principal component analysis (PCA) plot presenting variables involved in determining vine water status: Remotely-sensed thermal indices (CWSI, I g , (T c -T a )), environmental conditions (VPD), vine water status (g s , Ψ s ) irrigation applied, yield, and water use efficiency (WUE) for the 2016 (S1) and 2017 (S2) growing seasons.
Comparison of Vine Water Status Between Vine Age
Two vineyard blocks of varying vine age, old (> 40 years) and young (< 10 years) for the cultivar CAS were studied with respect to the effect of vine age on vine water status during S2, F2. Soil moisture status (as reflected in Ψ pd ) was comparable between the two cultivars (Ψ pd = −0.43). In this example, thermal indices failed to detect a difference in vine water status between the two age groups. This was also reflected in the ground-based measures ( Table 3) . 
Correlations Between Remotely-Sensed Thermal Water Stress Indices and Conventional (Ground-Based) Measures of Vine Water Status
Correlations between remotely-sensed thermal water stress indices and conventional measures of vine water status were determined using correlograms, a graphical depiction of significant (p ≤ 0.05) relationships (Figures 4 and 5) . In general, CWSI was found to correlate positively with Ψ s and g s, and negatively with I g .
In 2016, vine water status (Ψ s ) of SHI at veraison was positively-correlated with I g (R 2 = 0.64 for Ψ s , p = 0.0142) and negatively-correlated with CWSI (R 2 = −0.69, p = 0.0062) (Figure 4a ). For CAS at the same phenological stage, g s was negatively-correlated with CWSI (R 2 = −0.14 for Ψ s , p = 0.0437) (Figure 4b) . For SHI at pre-harvest, Ψ s and g s were negatively-correlated with CWSI (R 2 = −0.54 for Ψ s , p = 0.0297; R 2 = −0.60 for g s , p = 0.0172) (Figure 4c ). For CAS at pre-harvest, Ψ s was positively-correlated with CWSI (R 2 = 0.46, p = 0.0185) (Figure 4d ). Agronomy 2019, 9, x FOR PEER REVIEW 3 of 17 0.0297; R 2 = −0.60 for gs, p = 0.0172) (Figure 4c ). For CAS at pre-harvest, Ψs was positively-correlated with CWSI (R 2 = 0.46, p = 0.0185) (Figure 4d ). In 2017, gs of SHI at veraison positively-correlated with Ig (R 2 =0.60, p=0.0244) and negativelycorrelated with CWSI (R 2 = −0.63, p = 0.0163) and (Tc-Ta) (R 2 = −0.62, p = 0.0174) (Figure 5a ). For CAS, gs negatively-correlated with CWSI (R 2 = −0.38, p = 0.0170) and (Tc-Ta) (R 2 = −0.31, p = 0.0481) ( Figure  5b) . At pre-harvest, SHI Ψs was negatively-correlated with CWSI (R 2 = −0.37, p = 0.0254) and (Tc-Ta) (R 2 = −0.54, p = 0.0001), while gs also negatively-correlated with (Tc-Ta) (R 2 = −0.44, p = 0.0095) ( Figure  5c ). For CAS at pre-harvest, gs was negatively-correlated with CWSI and (Tc-Ta) (R 2 = −0.39, p = 0.0027 for CWSI; R 2 = −0.36, p = 0.0063 for (Tc-Ta)), and Ψs was negatively-correlated with Ig (R 2 = −0.31, P = 0.0198) (Figure 5d ). Overall, the relationships between the conventional vine water status parameters, Ψs and gs, appeared to be stronger with CWSI in the warmer, drier season (2016) compared to the cooler, wetter season (2017) when Ig and (Tc-Ta) showed stronger correlations. In 2017, g s of SHI at veraison positively-correlated with I g (R 2 =0.60, p=0.0244) and negatively-correlated with CWSI (R 2 = −0.63, p = 0.0163) and (T c -T a ) (R 2 = −0.62, p = 0.0174) (Figure 5a ). For CAS, g s negatively-correlated with CWSI (R 2 = −0.38, p = 0.0170) and (T c -T a ) (R 2 = −0.31, p = 0.0481) (Figure 5b) . At pre-harvest, SHI Ψ s was negatively-correlated with CWSI (R 2 = −0.37, p = 0.0254) and (T c -T a ) (R 2 = −0.54, p = 0.0001), while g s also negatively-correlated with (T c -T a ) (R 2 = −0.44, p = 0.0095) (Figure 5c ). For CAS at pre-harvest, g s was negatively-correlated with CWSI and (T c -T a ) (R 2 = −0.39, p = 0.0027 for CWSI; R 2 = −0.36, p = 0.0063 for (T c -T a )), and Ψ s was negatively-correlated with I g (R 2 = −0.31, P = 0.0198) (Figure 5d ). Overall, the relationships between the conventional vine water status parameters, Ψ s and g s , appeared to be stronger with CWSI in the warmer, drier season (2016) compared to the cooler, wetter season (2017) when I g and (T c -T a ) showed stronger correlations. 
Discussion
Reliable indicators of vine water status that are based on rapid and non-destructive measurements are becoming increasingly essential to improve irrigation scheduling. Our approach utilised a manned fixed wing aircraft; in contrast to other airborne platforms such as UAVs and satellites, this choice provided a wide spatial coverage within a short time frame to allow for regionalscale, inter-vineyard comparison of vine water status for decision making at the regional scale. Had similar data been collected using alternative platforms such as UAVs, inter-block comparisons across the same spatial scale (−1000 ha), long flight times would likely result in data collection under different environmental conditions, which may lead to erroneous conclusions of vine water status between blocks. UAV (or unmanned aerial systems, UAS) platforms offer a convenient method of acquiring similar data, however, are limited to smaller spatial scales due to battery power that limits typical flight times to 10-30 min [35] . This approach is feasible for small vineyards that could be flown within a few hours under similar environmental conditions. Similarly, remote sensing based on satellite imagery at present, offers high spatial coverage, but with the liability of low ground resolution and infrequent data collection [36] . 
Reliable indicators of vine water status that are based on rapid and non-destructive measurements are becoming increasingly essential to improve irrigation scheduling. Our approach utilised a manned fixed wing aircraft; in contrast to other airborne platforms such as UAVs and satellites, this choice provided a wide spatial coverage within a short time frame to allow for regional-scale, inter-vineyard comparison of vine water status for decision making at the regional scale. Had similar data been collected using alternative platforms such as UAVs, inter-block comparisons across the same spatial scale (−1000 ha), long flight times would likely result in data collection under different environmental conditions, which may lead to erroneous conclusions of vine water status between blocks. UAV (or unmanned aerial systems, UAS) platforms offer a convenient method of acquiring similar data, however, are limited to smaller spatial scales due to battery power that limits typical flight times to 10-30 min [35] . This approach is feasible for small vineyards that could be flown within a few hours under similar environmental conditions. Similarly, remote sensing based on satellite imagery at present, offers high spatial coverage, but with the liability of low ground resolution and infrequent data collection [36] .
Comparison of Remotely-Sensed Thermal Water Status Indices
Multivariate relationships between environmental conditions, vine water status and thermal water stress indices reflected contrasting seasonal differences and corresponded with differences between variables, cultivars and blocks. The effect of environment on crop water status has been well documented; VPD, a key environmental driver for transpiration, has been shown to be strongly (negatively) correlated with leaf and stem water potentials, and stomatal conductance [37] . In 2016, warmer and drier conditions influenced the response of vine water status to water availability and environmental demand. Higher VPD conditions resulted in lower Ψ s and g s . These warmer than average climatic conditions had implications to vine physiological performance as well as irrigation requirements (Table 2) as demand for water would have been greater under the higher heat levels from both vine transpiration and soil moisture losses through surface evaporation (reference evapotranspiration, ET 0 = 967 mm). In the cooler and wetter 2017 season, higher VPD conditions did not result in increased vine water stress, and, consequently, irrigation applications were considerably lower compared to the previous season. The lower irrigation requirement corresponded to above average rainfall throughout the growing season, lower ET 0 (860 mm), and only eight days where temperatures exceed 35 • C, compared to 20 days in the previous season.
One of the primary objectives of the present study was to validate several published thermal indices of vine water status including CWSI, I g , and (T c -T a ) from airborne platforms. Thermal water stress indices that most accurately reflected vine water status in the warmer 2016 were (T c -T a ) and CWSI, the latter which was only weakly correlated to the two-reference vine water status indicators, Ψ s and g s . Several studies have characterised vine water status based on Ψ l particularly to validate crop water status indices such as CWSI [18, 38] . A recent study on the use of CWSI in irrigated vineyards in California found that CWSI values were higher in the morning than the afternoon for a given level of soil moisture [39] . Remote sensing provides a better indicator of the water status of individual vines as this approach integrates multiple leaves and shoots of the canopy, which is not the case with Ψ s and g s measurements derived from ground-based measurements of individual leaves.
In the cooler 2017 season, the remotely-sensed thermal indices that best reflected vine water status were I g and (T c -T a ). I g is linearly related to leaf conductance and is therefore more suitable under a wider range of environmental conditions (e.g. high and low VPD) [17] , confirming the usefulness of this index in predicting vine water status in the cooler season. (T c -T a ) was also a reliable indicator of vine water status in the same season; this result is consistent with the warmer 2016 season, reflecting the robustness and versatility of the index.
Cultivar Differences in Vine Water Status
The two predominant cultivars of Coonawarra, CAS and SHI, which combined, contribute approximately 84% of cultivars planted in the region (VHA 2018) were studied over two seasons. In the warmer and drier season of 2016, SHI was observed to be more water-stressed than CAS based on a lower Ψ s , a well-established indicator of vine water status [40] [41] [42] [43] , lower g s , and higher CWSI. Stem water potential was used in this study as it is less variable than Ψ l and therefore a more reliable indicator of vine water status [44] . Stomatal conductance is another reliable measure of plant water status; g s has shown to be highly correlated with Ψ s in a variety of crops including grapevines [44] [45] [46] [47] . The advantage of using g s over Ψ s is that it captures the dynamic state of water fluxes within the leaf of the plant. This aspect is particularly important in capturing the true water status of certain grapevine cultivars previously reported as being near-isohydric, which under soil moisture deficits, decrease g s which in turn increases Ψ s , therefore underestimating the true water stress of the plant [48] . The response in SHI across the region may reflect the relatively anisohydric behaviour of SHI compared to CAS [49] , indicating that SHI tends to be a more "optimistic" cultivar vis-a-vis stomatal response to decreasing soil moisture availability or increased environmental demand (higher VPD). In the cooler conditions of 2017, CAS vines had a lower water status than SHI although both cultivars had relatively high g s values reflecting well-watered conditions. In 2017, the lower vine water status of CAS may have resulted from the lower soil moisture availability as indicated by Ψ pd . However, both cultivars exhibited Ψ s within a narrow range (> −1 MPa) indicating minimal water stress [47] . The associated high g s values of both cultivars also confirm that low water stress was observed throughout the cooler season and the g s difference between cultivars was small at high Ψ s values. Comparing different grapevine cultivars in a warm climate, Rogiers et al. observed that SHI had a lower Ψ s and daytime g s compared to CAS indicating that the former is relatively anisohydric (compared to CAS) [50] , consistent with our observations. (T c -T a ) was the only thermal index that reflected the lower water status in the cooler season.
Aerial Thermal Imaging as a Spatial Investigative Tool
A key benefit of high spatial resolution data is the ability to detect variation in vine and soil characteristics across a vineyard block. Soil type variances within a block have been shown to have an influence on canopy temperature and therefore, g s [51] . In the absence of soil variation within one particular study block, a gradient of water status was observed between the northern and southern sections, where vines in the northern section shown in blue had relatively high-water status (average g s −367 mmol H 2 O m −2 s −1 ), whereas vines in the southern section shown in red were relatively water stressed (average g s −123 mmol H 2 O m −2 s −1 ) (Figure 6a ). Agronomy 2019, 9, x FOR PEER REVIEW 6 of 17 both cultivars exhibited Ψs within a narrow range (> −1 MPa) indicating minimal water stress [47] . The associated high gs values of both cultivars also confirm that low water stress was observed throughout the cooler season and the gs difference between cultivars was small at high Ψs values. Comparing different grapevine cultivars in a warm climate, Rogiers et al. observed that SHI had a lower Ψs and daytime gs compared to CAS indicating that the former is relatively anisohydric (compared to CAS) [50] , consistent with our observations. (Tc-Ta) was the only thermal index that reflected the lower water status in the cooler season.
A key benefit of high spatial resolution data is the ability to detect variation in vine and soil characteristics across a vineyard block. Soil type variances within a block have been shown to have an influence on canopy temperature and therefore, gs [51] . In the absence of soil variation within one particular study block, a gradient of water status was observed between the northern and southern sections, where vines in the northern section shown in blue had relatively high-water status (average gs −367 mmol H2O m −2 s −1 ), whereas vines in the southern section shown in red were relatively water stressed (average gs −123 mmol H2O m −2 s −1 ) (Figure 6a ). Figure 6 . Comparison of vine water status of SHI at veraison (a) and pre-harvest (b) in 2016 using remotely sensed thermal images colour coded to temperature. Colour codes of relative values: blue/green=low/no water stress, yellow/red = moderate water stress. Data presented in the tables above is for the positions marked on the maps and indicates the proximity of the vines used for ground-truthing. Flight 1: vine water status differed between northern and southern sections of the block, which was the consequence of blocked irrigation lines in the southern section of the block (a). Flight 2: remediation of irrigation lines before the pre-harvest flight resulted in a more uniform application of water and consequent reduction in vine water status variability (b).
Dripper uniformity was subsequently measured in the block and multiple (three of every four, on average) drip failures were observed and attributed to iron bacteria. The presence of iron bacteria and associated precipitates has been found to decrease bore productivity, block irrigation systems or render them inefficient, damage pumps and pumping equipment as well as lead to overall system deterioration [52] . Dripper replacement in the block increased the spatial uniformity of vine water status between the northern and southern sections of the block (Figure 6b ). This example illustrates the potential benefits of high spatial resolution data to detect inefficiencies in irrigation supply within a vineyard which can be easily remedied to improve vine uniformity and productivity. Although the present study utilised thermal imaging to detect irrigation inefficiencies in the block via differences in vine water status, it should be noted that other measures such as vegetation indices (e.g. NDVI) obtained from aerial multispectral cameras could also indicate similar inefficiencies indirectly through differences in vine vigour and health. Figure 6 . Comparison of vine water status of SHI at veraison (a) and pre-harvest (b) in 2016 using remotely sensed thermal images colour coded to temperature. Colour codes of relative values: Blue/green=low/no water stress, yellow/red = moderate water stress. Data presented in the tables above is for the positions marked on the maps and indicates the proximity of the vines used for ground-truthing. Flight 1: Vine water status differed between northern and southern sections of the block, which was the consequence of blocked irrigation lines in the southern section of the block (a). Flight 2: Remediation of irrigation lines before the pre-harvest flight resulted in a more uniform application of water and consequent reduction in vine water status variability (b).
Dripper uniformity was subsequently measured in the block and multiple (three of every four, on average) drip failures were observed and attributed to iron bacteria. The presence of iron bacteria and associated precipitates has been found to decrease bore productivity, block irrigation systems or render them inefficient, damage pumps and pumping equipment as well as lead to overall system deterioration [52] . Dripper replacement in the block increased the spatial uniformity of vine water status between the northern and southern sections of the block (Figure 6b ). This example illustrates the potential benefits of high spatial resolution data to detect inefficiencies in irrigation supply within a vineyard which can be easily remedied to improve vine uniformity and productivity. Although the present study utilised thermal imaging to detect irrigation inefficiencies in the block via differences in vine water status, it should be noted that other measures such as vegetation indices (e.g. NDVI) obtained from aerial multispectral cameras could also indicate similar inefficiencies indirectly through differences in vine vigour and health.
From a practitioner's standpoint, the value of obtaining remotely-sensed thermal indices is that they help to confirm whether supplemental irrigation is required for a given cultivar or area within a block. However, the feasibility of using CWSI and I g as indicators of vine waters status in commercial scenarios is limited due to the need to obtain T wet and T dry reference temperatures [17, 51] . Therefore, (T c -T a ) appears to be the most convenient of the thermal indices tested in this trial as it does not require these reference temperatures. In addition, T c and T a can be continuously measured using relatively inexpensive infrared cameras. New continuous systems of canopy temperature measurements will in the future allow for the automation of irrigation applications through the use of empirical calibrations by cultivar and block, taking into account environmental demands to establish irrigation schedules [53] . The present study validates the use of a commercial remote sensing service to inform vineyard irrigation at the regional scale, allowing for the simultaneous comparison of water status of individual vines across multiple vineyard blocks. Surveying vine water status in multiple vineyards across a region is constrained by the narrow time window required for accurate vine water status measurements. Remote sensing approaches such as that used in the present study can expedite data collection from large areas. The use of simple crop water status indices such as (T c -T a ) obviate the need for reference temperaures, which are impractical to acquire, particularly at large spatial scales via remote sensing. Further work is required to establish the usefulness of this index at other phenological stages such as early in the growing season.
Conclusions
This study demonstrated the use of high resolution airborne thermal imaging to assess the vine water status across an entire viticultural region. The remotely-sensed thermal indices of vine water status were generally in agreement with ground-based measures of vine water status particularly when environmental conditions were conducive to encourage maximum leaf transpiration rate. The high spatial resolution offered by the thermal camera allowed for the clear separation of the non-vine (inter-row) signal from the vine (canopy) signal; this aspect is critical when using remote sensing data in heterogenous crops such as grapevines planted in rows. Our study also highlighted that irrigation inefficiencies could be identified using aerial thermal imagery that were not apparent from the ground. This allows grape growers to identify within-vineyard variability in vine water status that has the potential to save valuable water resources through precision irrigation as well as improve overall WUE. 
